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• Understanding and minimising impacts
arising from human activities requires
cost-effective monitoring

• Environmental-DNA (eDNA) based moni-
toring offers considerable potential for
reducing per sample monitoring costs.

• Optimal monitoring methodologies maxi-
mise the impact-related change (‘signal’)
compared to unrelated change (‘noise’)
in the response metric

• On an organic enrichment impact gradient,
the signal-to-noise ratio was optimised by
targeting procaryotic eDNA and retaining
10 – 100 sequences

• Eliminating less-frequent sequences will
help develop robust, consistent, and explica-
ble eDNA-based environmental monitoring
A B S T R A C T
A R T I C L E I N F O
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Man's impacts on global ecosystems are increasing and there is a growing demand that these activities be appropriately
monitored. Monitoring requires measurement of a response metric (‘signal’) that changes maximally and consistently
in response to the monitored activity irrespective of other factors (‘noise’), thus maximising the signal-to-noise ratio.
Indices derived from time-consuming morphology-based taxonomic identification of organisms are a core part of
many monitoring programmes. Metabarcoding is an alternative to morphology-based identification and involves the
sequencing of short fragments of DNA (‘markers’) frommultiple taxa simultaneously. DNA suitable for metabarcoding
includes that extracted from environmental samples (eDNA). Metabarcoding outputs DNA sequences that can be iden-
tified (annotated) bymatching them against archived annotated sequences. However, sequences frommost organisms
are not archived - preventing annotation and potentially limiting metabarcoding in monitoring applications. Conse-
quently, there is growing interest in using unannotated sequences as response metrics in monitoring programmes.
We compared the sequences from three commonly usedmarkers (16S (V3/V4 regions), 18S (V1/V2 regions) and COI)
and, sampling along steep impact gradients, showed that the 16S and COI sequences were associated with the largest
and smallest signal-to-noise ratio respectively. We trialled four separate, intuitive, noise-reduction approaches and
demonstrated that removing less frequent sequences improved the signal-to-noise ratio, partitioning an additional
25 % from noise to explanatory factors in non-parametric ANOVA (NPA) and reducing dispersion in the data. For
the 16S marker, retaining only the most frequently observed sequence, per sample, resulting in nine sequences across
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150 samples, generated a near-maximal signal-to-noise ratio (95% of the variance explained in NPA).We recommend
that NPA, combined with rigorous elimination of less frequent sequences, be used to pre-filter sequences/taxa being
used in monitoring applications. Our approach will simplify downstream analysis, for example the identification of
key taxa and functional associations.
1. Introduction

Ecosystems, including aquatic ecosystems, underpin life on earth and
are being variously impacted by human activities (Costanza et al., 1997).
To ensure sustainable ecosystem service delivery, regulatory agencies in
most jurisdictions monitor and regulate human activities. In monitoring,
there is a requirement to identify a metric that can be easily measured
and which reflects the monitored activity in an interpretable fashion
(Wilding et al., 2017). The degree to which the monitored metric changes
in relation to the monitored activity (‘signal’) versus unattributed (random)
change (‘noise’) is an important determinant in assessing the effectiveness
of a monitoring programme. In monitoring, the goal is to reliably detect
and quantify the extent of impacts. The optimalmonitoredmetric, sampling
design and statistical treatment is one that maximises the signal-to-noise
ratio as this will enhance survey acuity and/or reduce the sampling require-
ment (numbers of replicates), which reduces cost whilst retaining sensitiv-
ity (Schmitt and Osenberg, 1996).

Many monitoring programmes rely on time-consuming and expensive
morphology-based identification of organisms, disadvantages that have in-
creased interest in finding alternative methods, including those based on
environmental DNA (eDNA). eDNA is DNA extracted from environmental
samples and includes intracellular DNA, present in viable and/or dead
organisms and DNA in living/dead cells ejected through normal metazoan
activities (Deiner et al., 2017). With the advent of next generation sequenc-
ing (NGS) eDNA from diverse sources, from hundreds of samples simulta-
neously, can be sequenced and potentially annotated (identified) by
comparison of sample-sequences to reference-databases (Deiner et al.,
2017). Metabarcoding involves the amplification of sections of various
target (marker) genes that are linked to taxonomic groups (Taberlet et al.,
2018). Commonly used markers include 16S, 18S and COI and these target
procaryotes, eucaryotes and mixtures of both respectively (Taberlet et al.,
2018). More specific taxonomic groups can be targeted by selecting regions
(‘fragments’) within markers combined with group-focussed DNA primers
(Ruppert et al., 2019; Bohmann et al., 2014; Deiner et al., 2017).

Anymonitoring programme is subject to noise,manifest as unaccounted
differences between replicates. Noise in eDNA-based analyses arises from
multiple sources, both real and artefactual. Replicates may differ in their
true eDNA characteristics as determined by how the adopted sampling
method integrates over the spatial heterogeneity characterising the target
taxa (Zinger et al., 2019). To the real, spatially derived, differences between
any two replicates, additional noise will be introduced by the eDNA extrac-
tion and preparation phases and by the subsequent sequencing (differences
between runs) and annotation steps (Zaiko et al., 2022; Song et al., 2018;
Ficetola et al., 2015; Zinger et al., 2021; Zinger et al., 2019; Bender et al.,
2018; Porath-Krause et al., 2021). From a monitoring perspective, the
differences between replicates (noise) should be quantified and, where
cost-effective, reduced.

The raw sequences produced by NGS are cleaned using one of several
algorithms (Deiner et al., 2017). One commonly applied algorithm,
dada2, outputs error-corrected sequences called ‘amplicon sequence
variants’ (ASVs). ASV annotation can only occur when the sample ASV-
sequence is matched against a reference sequence present on a database
and, for environmental samples, database limitations mean that species-
level annotation is often impossible (Schenekar et al., 2020). Whilst ASVs
have intrinsic value as a basic unit of ‘biological meaning’ (Callahan et al.,
2017), their generation is subject to noise (as above) and a sample is likely
to contain many more ASVs than species (Forster et al., 2019). The raw
(denoised) output from an unannotated eDNA-based analysis consists of a
2

sample x ASV matrix tabulating sequence reads. The ASV-based matrix is
outwardly similar to a traditional morphologically-derived sample x
species-count matrix and there is growing interest in basing monitoring
on unannotated ASVs (Pearman et al., 2021), particularly where taxon-
based assessment is not key and where the noise can be reduced.

The sequencing depth (i.e. total reads per sample) output by NGS varies
considerably and, to normalise samples across sequencing depth, many
comparative studies involve a rarefaction step (Cameron et al., 2021). Rar-
efaction is a random process of read (per sample) reduction and randomly
removes ASVs in proportion to the degree of rarefaction applied and the
characteristics of the data (Dully et al., 2021). Rarefaction to a common
sequencing depth facilitates sample comparisons by making the data
compositional (i.e., ASVs reads are constrained to be a proportion of the rar-
efaction limit) (Aitchison, 1982). Compositional data analysis is facilitated
by a log-transformation, but this is not possible where zeros are present
(Tsilimigras and Fodor, 2016; Efron, 2020) and methods for removing
zeros and reducing sparsity in NGS data are, therefore, of interest.

NGS-based environmental monitoring can be used to focus on a limited
number of indicator-taxa (Deiner et al., 2017) or more general assessments
of biodiversity (Thomsen and Willerslev, 2015). In biodiversity assess-
ments, identification and minimisation of false positives (i.e. noise) is a
key consideration; internal blanks, spiked samples and primer specific-
calibrations against mock-communities have all been used to check/correct
eDNA data (Drake et al., 2021). One commonmethod for reducing possible
false positives and to reduce sparsity is to apply a minimum sequence copy
(minimum reads, ‘MinR’) threshold to all ASVs/taxa in the analysis (Drake
et al., 2021), because rare (low read) ASVs/taxa aremore likely to be noise.
The ambition in biodiversity monitoring is to apply MinR thresholds that
reduce the noise-inflated diversity to the true diversity, whilst for monitor-
ing it is to enhance the signal-to-noise ratio.

There are several ways to apply MinR (abundance) thresholds to the
sample x taxon/ASV data matrix generated by NGS, but these are not
always clearly articulated or the consequences understood when applied
(Drake et al., 2021). Abundance threshold models (ATMs) include 1.
‘Total’, the re-setting to zero of any read-count that is less than the thresh-
old, 2. Per ASV/taxon, where the threshold is applied to the sum of reads,
per ASV/taxon and the ASV/taxon removed if the threshold is not exceeded
and 3. Per Sample, where ASVs/taxa are removed where they fail to meet
the threshold in all samples (Drake et al., 2021). Another plausible ap-
proach is 4. ‘Top ASVs/taxa’ where the most abundant ASVs/taxa in each
sample are retained, combined across all samples (Shelton et al., 2016).
Sparsity/false positives are also possibly reduced by requiring ASVs/taxa
to be present in a minimum number of samples (MinS), where a sample
can be a ‘technical’ replicate on several levels (PCR, DNA-extract) (Zinger
et al., 2019) or sampling unit as appropriate to the experimental design
(Alberdi et al., 2017; Drake et al., 2021; Pearman et al., 2021). MinR and
MinS thresholds can be combined and, depending on the thresholds
adopted, will variously reduce the number of ASVs/taxa available for
analysis. In monitoring applications, the focus is on finding a suite of
ASVs/taxa that are sensitive to the monitored activity and maximise the
signal-to-noise ratio.

Our objectives, based on ASV analysis, were to:

1. Characterise and compare the 16S, 18S and COI data generated from the
same samples.

2. Quantify differences occurring between replicate pairs and DNA-extract
pairs and determine how to minimise those differences, via ATM and
MinR/S thresholds.
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3. Quantify the signal-to-noise ratio in the three markers and assess how
this was affected by differing ATMs, MinR and MinS thresholds.

4. Make recommendations for future eDNA-based environmental monitor-
ing, particularly in relation to the identification of key ASVs/taxa.

2. Methods

2.1. Sample collection

To meet our objectives, we required samples that were taken along a
steep gradient of change, to create the ‘signal’, and against which we
could evaluate the signal-to-noise ratio resulting from our three markers
and abundance threshold models (ATMs). We sampled along the steep im-
pact gradient found around Atlantic salmon fish-farm cages (Pearson and
Rosenberg, 1978) on the 16/17 Aug 2017, atfive distances (D1-D5) around
three fish farms, along a single transect at each. The farms were located at
Charlotte's Bay (Ch, distance from cage edge (m) 0, 17, 36, 90, 950), Creran
B (Cr, distance from cage edge (m) 0, 10 50, 100, 513) and Dunstaffnage
(Du, distance from cage-edge (m) 10, 40, 52, 101, 512) (Supplemental
Table S4; see Wilding et al. (2012) for further descriptions of these loca-
tions). Sampling across the impact gradient generated by the farm enabled
us to evaluate the variance partitioning (to factors Location, grab-Distance
and Extract) using multivariate ANOVA (see below) following application
of different ATMs and relate this partitioning to the degree of similarity
observed between replicates within grab and between DNA-extracts of
the same replicate. Thefish-farms created the impact gradient, but interpre-
tation of the gradient is not of key interest here and replicate grabs, per
distance, were not taken (detailed below).

We used a 0.1 m2 van-Veen grab to collect sediment samples. For each
replicate sample, we combined three surface scrapes of sediment (each ca
1–2 ml), from both sides of the grab (total six scrapes), collected using a
sterile spatula. From each grab, five replicate samples were taken. The
total number of sediment samples taken was 75 (3 farms × 5 grab-
Distances per farm x 5 replicates per grab; Fig. 1). Sampleswere kept chilled
in the dark immediately after sampling and were transferred to −20 °C
within 4 h. From each of 25 samples, per farm location, two extract repli-
cates (Ex1 and Ex2) were prepared resulting in 50 NGS analyses per farm
location (Fig. 1). Locations Cr and Duwere sequenced on separate sequenc-
ing runs, together with half each of the Ch samples, repeated for all three
markers (Fig. 1).

2.2. DNA extraction, PCR amplification, library preparation and Illumina™
sequencing

DNAwas extracted from frozen sediment sampleswithin onemonth fol-
lowing collection. Each of the 75 sediment samples was homogenised with
a separate, sterile plastic spatula and vortexed vigorously for 1–2 min.
Fig. 1. Sampling design: from each Location five grabs were taken along a Distance
gradient (D1-D5), with five replicates per Distance (25 samples per location). Cr –
Creran, Ch – Charlottes, Du – Dunstaffnage.

3

Samples (x 75) were then split into two 5 g aliquots (extract 1 and extract
2) and then subject to independent DNA extraction using the DNeasy
PowerMax Soil Kit (Qiagen, Ltd), following the manufacturer's instructions
resulting 150 DNA extracts (Fig. 1). We targeted the bacterial 16S (V3/V4)
rRNA gene, the eukaryote 18S (V1/V2) rRNA and cytochrome oxidase I
(COI) markers using primers specified in Table S1. We sequenced our
libraries using an Illumina MiSeq (V3 chemistry) based on 2 × 250 bp
paired-end reads.

The library preparation for Illumina™ sequencing for all three fragments
was carried out according to the 16S Metagenomic Sequencing Library
Preparation Protocol (Illumina™) with unique dual indexing for 96 samples.
For 16S and 18S, PCR was based on the following cycle: 95 °C for 3 min,
followed by 25 cycles of denaturation at 95 °C for 30 s, annealing of primers
at 55 °C for 30 s and extension at 72 °C for 30 s, followed by a final incuba-
tion at 72 °C for 5 min. For COI, PCR was based on the following tempera-
ture profile: 95 °C for 10min, followed by 36 cycles of denaturation at 95 °C
for 20 s, annealing of primers at 51 °C for 30 s and extension at 72 °C for
1 min, followed by a final incubation at 72 °C for 7 min.

The PCR product (all markers) was purified using AMPure XP beads
(following 16S Metagenomic Sequencing Library Preparation Protocol by
Illumina™) and the amplicon size checked using ZAGDNA Analyser System
(Agilent Technologies). The PCR products (all markers) were then dual
indexed using Nextera XT primers based on the following PCR cycling:
95 °C for 3 min, followed by 8 cycles of 95 °C for 30 s, 55 °C for 30 s,
72 °C for 30 s, with a final extension at 72 °C for 5 min. Two PCR-
indexing blanks were included. Tagged/extended amplicons were purified
using AMPure beads or Promega ProNex following themanufactures' proto-
cols and the fragment size re-checked (as above). Libraries were quantified
using Qiagen's QIAxpert System, normalised with 10 mM Tris pH 8.5 to
5 ng/μl then combined into a single pool containing all individual sample
libraries (up to 96 samples, per Marker). The pooled library was quantified
using qPCR and diluted to 4 nM using 10 mM Tris pH 8.5 (based on the
KAPA Library Quantification Kit for Illumina™ (Roche) and following
manufacturer's protocols). The library was denatured using 0.2 N sodium
hydroxide (5 min at room temperature), diluted using HT1 (Illumina™) to
a final concentration of 4pM (following Illumina™ protocols), spiked with
5–20 % PhiX (depending on the marker) and then sequenced.

2.3. Bioinformatics and data preparation/analysis

The raw reads were processed using Qiime2 (https://qiime2.org/).
Raw-reads were demultiplexed, primers/adaptors removed using cut-
adapt (Martin, 2011), then denoised using Dada2 (Callahan et al., 2016)
based on the following parameters (for all markers) to generate our ASVs:
truncation length = 230 and 225, forward and reverse respectively, all
markers), MaxEE (f and r) = 2, trunc_q = 2, chimera method ‘consensus’,
min_fold_parent over abundance =1, otherwise default settings (including
20 bp overlap for merging).

The rarefaction threshold we chose was the approximate asymptote of
the relationship between Shannon diversity versus read depth (Taberlet
et al., 2018) and which retained asmany samples as possible. Themetadata
associated with each sample were the factors Marker (16S, 18S and COI),
Location (Ch, Cr, Du), grab-Distance (D1-D5), Replicate (1–5) and Extract
(Ex1 or Ex2).

2.4. Data preparation and graphical analysis

Our goal was to visualise, estimate, and interpret relative reduction /
exacerbations of noise in the data, and consequences to subsequent analysis,
focussing on repeatability of Extract and grab-Distance replicates, per loca-
tion, as modified by abundance threshold models (ATM) and MinR/MinS
thresholds. Our goal was to find combinations (Marker, ATM, MinR/S)
that maximised the signal-to-noise ratio.

Raw sequence data from each sequencing run was denoised indepen-
dently. Data tables consisting of 150 samples x ASV matrix were rarefied
to 20,000 reads per sample across all markers generating our datamatrices.

https://qiime2.org/
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These matrices were then filtered using one of four ATMs (detailed in Sup-
plemental Table S2 and Table S3): 1. ‘Total’ – re-set to zero any ASV<MinR
threshold; 2. ‘PerASV’ – sum reads across each ASV, and remove if sum <
MinR threshold, 3. ‘PerSample’ – remove any ASV which is less than the
MinR threshold across all samples and 4. ‘Top ASVs’ – retain the top
[threshold] ASVs for each sample, collated across all samples. Our MinR/
S thresholds were applied following rarefaction and, consequently, we
applied our thresholds (see below) as integer values across all samples
(contrasting with a proportion-based approach, necessary where rarefac-
tion has not been applied).

The MinR threshold values for all methods were on the integer log2 se-
ries from 1 to 256, 8192, 512, 1024 in ATM1-4, respectively. Upper MinR
limits were the approximate maximum possible (most stringent, found em-
pirically) in these data for ATM1-3 (for ATM4, see note below). Following
application of our MinR threshold, we applied minimum sample (MinS)
thresholds of 1, 5, 10, 20 and 40. These values were chosen to represent
no sample-based filtering (MinS = 1), the number of replicates per grab
(5), the number of replicates per grab including extract replicates (10)
and two nominal higher values (20 and 40) to enable further data explora-
tion. A combinedMinR/S threshold of 1, for ATMmethods 1–3, includes all
the data. For ATM4, a threshold of 1 (retain only the top ASV, per sample) is
the most stringent and the upper threshold (1024) the most lenient. The
MinR – MinS filtration steps were sequential (i.e. MinR was not applied to
MinS samples).

Following MinR/S filtering (across four ATMs, up to 11 MinR and
5 MinS thresholds, total 675 combinations), we characterised ASV assem-
blages per pair of samples (‘pairwise’), enabling the comparison of variabil-
ity within grab-Distance replicates and between Extracts. From within the
five grab-Distance replicates (per Marker: Location) 20 pairwise compari-
sons were made (e.g. Rep 1 Ex1 v Rep 2 Ex1 to Rep 4 Ex2 v Rep 5 Ex2
where Rep = replicate and Ex = extract number). The five extract-
replicate pairs from each grab-Distance were also compared (e.g. Rep 1
Ex1 v Rep 1 Ex2 to Rep5 Ex1 v Rep5 Ex2). We conducted these pairwise
comparisons to assess the extent to which grab-Distance replicates, and
extracts from the same grab-Distance replicate, differed as a function of
the 675 ATM/MinR/S combinations (as above) for each Marker.

For our sample pairs (see above) ASVs with joint absences were
removed. For each pair of samples, we assessed pairwise similarity in the
untransformed counts per ASV in four ways, (i) Spearman (rank-based)
corelation, (ii) the mean difference in the log10 + 1 transformed ASV
read-count (allowing for the ‘+1’ transformation, this is the mean order-
of-magnitude difference between ASVs in any pairing) and (iii and iv)
proportion of shared ASVs and reads per pair (detailed below). We chose
the Spearman correlation as a more robust, non-parametric, alternative to
Pearson correlation, allowing for over-dispersion/non-linearity typical of
NGS data. For the average difference, we chose not to transform the data
(contrasting with the non-parametric ANOVA, see below) to give more in-
tuitive values and the log+1 transformation to enable inclusion of zero
counts, in one sample per pair, in our metric determination. Our metric in-
fers the same difference (allowing for the +1 transformation) between 10
and 100, and 100 and 1000, in a sample pairing. The proportion of shared
reads (per pair) were determined as the minimum number of reads, per
ASV, per pair x 2/total number of reads per pair (Wen et al., 2017).

We plotted our summary statistics of noise measures against the read
threshold (MinR, fixed factor, shown as open circles on the line graphs)
and against the number of ASVs (non-fixed) retained by the combination
of ATM, MinR and MinS, the latter shown as non-smoothed line graphs
showing the trend in the relationship. For pairwise comparisons, the num-
ber of ASVs retainedwas themean across all pairs. Plotting against numbers
of ASVs retained enabled direct comparison across all four ATMs. For
pairwise graphical comparisons, extract pairs were excluded, for purposes
of exposition/brevity, except where a comparison of extracts was the
explicit purpose of the graphic.

We used pairwise comparisons (total N = 244,420, across all 675
Marker/ATM combinations), which measured trends and mean magni-
tudes of ‘noise’, compared with the ideal of each pair being identical, to
4

explain and explore the variance partitioning observed in the non-
parametric multivariate analysis where the variability (e.g., around the
trends indicated in the graphical analysis) was quantified. All analyses
were done using R version 4.1.2, graphics were produced using the R pack-
age ‘lattice’ (Deepayan, 2009).

2.5. Non-parametric ANOVA (NPA)

To quantify the signal-to-noise ratio (detailed below) we used non-
parametric ANOVA (NPA), applied using the Vegan package in R (Oksanen
et al., 2019) to partition the variance. In NPA, the variance explained by
the modelled factors constitutes the ‘signal’ and the residual term (‘noise’)
captures all the remaining variance (Anderson, 2001). NPA enables a direct
comparison of the relative importance of the model's component parts, via
the %variance explained. Our sampling design (Fig. 1) enabled us to parti-
tion variance to different factors thus to quantify the signal (i.e., variance
attributable to factors Location and grab-Distance), from that attributable
to technical replicates and the sequencing runs. The residual term quantifies
the variability introduced by factors not specified in the model and is a mea-
sure of ‘noise’.

For each ATM/MinR/S combination (n = 675), we determined the
between-sample Bray-Curtis dissimilarity matrix (M) (Clarke, 1999) based
on fourth-root transformed read counts (to down-weight abundant species;
Anderson, 2001) and to align with related studies (e.g., Frühe et al., 2021).
We then evaluated each ATM/MinR/S combination in terms of the R2 values
associated with the modelled explanatory factors (Location, grab-Distance,
Extract) using multivariate ANOVA (Anderson, 2001) implemented using
‘Adonis2’. We partitioned the variance in two separate, non-nested, models
based on matrix M:

Model 1: M ∼ Location + grab-Distance + Location ∗ Distance (sepa-
rately for each extract). Our focus was on the variance (i.e. the signal)
explained by Location, grab-Distance and their interaction.
Model 2: M∼ Distance + Extract + Distance ∗ Extract (separately for
each Location), focussing on the Extract main effect, particularly com-
paring Ch (extracts analysed on separate runs, Fig. 1) with Cr and Du.

In bothmodels wewere interested in how the variance partitioning var-
ied betweenMarkers and the numbers of ASVs retained by all combinations
of ATM and MinR/S thresholds. Non-parametric ANOVA, particularly
where unbalanced, should be assessed for multivariate heterogeneity so,
for each of 675 NPAmodels, the betadispersion (not shown) and associated
P-value were determined (Anderson et al., 2006) using the ‘betadisper’
function.

3. Results

3.1. General description

Our grabs traversed the impact gradient around the fish cages; cage-
edge (D1) sediment samples were characteristically dark coloured and pun-
gent whilst samples from the Reference stations (D5) were pale coloured
and odour-free (Supplemental Table S4). The total number of reads (in
millions, pre-rarefaction), for the 16S, 18S and COI markers was 13.6,
16.9 and 14.6 respectively. Reads summed across the PCR/extract blanks
and negative controls ranged between 135 and 170 across the markers
indicating negligible contamination; no further action was taken was
taken in respect of the controls.

Following denoising, and rarefaction (to 20,000 reads) samples Ch-D1-
2-Ex1 from 18S and Du-D4-1 and 2 (both Ex1) from COI were excluded.
Rarefaction resulted in substantial (∼70 %) losses of ASVs, particularly
for 16S and 18S (Table 1); these markers were, therefore, dominated,
pre-rarefaction, by rare sequences. The number of ASVs, per marker,
following rarefaction, ranged between 13.5 K (18S) and 65.9 K (16S)
(Table 1).



Table 1
Summary of sequence data pre- and post-rarefaction for three markers.

Data 16S 18S COI

Reads
(×106)

ASVs
(×1000)

Reads
(×106)

ASVs
(×1000)

Reads
(×106)

ASVs
(×1000)

Raw 13.5 94.7 17.0 19.5 14.8 36.6
Rarefied1,2 3.00 65.9 2.98 13.5 2.96 30.5

1,2: shown as the asymptotes on Supplementary Fig. S1 and Fig. S2 (Reads andASVs
respectively) for MinR and MinS = 1. All values are rounded to three significant
figures.
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3.2. Comparison of markers

Considering the entire data, by Marker (cf pairwise comparisons,
below), all four ATMs resulted in non-linear and approximately linear (on
log scale) reductions in numbers of reads and ASVs, respectively, as
MinR/S stringency increased (Supplementary Fig. S1 and Fig. S2). The
ATM/MinR/S effects varied betweenMarkers and withMinR/S stringency,
but the largest magnitude changes were seen in the 16S data (Supplemen-
tary Fig. S1 and Fig. S2, A – D, reads and ASVs respectively).

Increasing the MinS threshold, maintaining MinR = 1, reduced the
numbers of reads and ASVs. For reads, this varied substantially between
markers; for the COI data there was a 1.7× (∼40 %) reduction compared
with 16S and 18S (1.25×, 20 % reduction; compare Y axis intercepts be-
tween MinS = 1 and 40, Supplementary Fig. S1, A, E, I). This MinS effect,
on COI, shows that these data were characterised by non-ubiquitous, but
high-read, ASVs compared with the other markers. Conversely, the 16S
data were dominated by low-read, rare ASVs such that, for example,
replacement of all values <100 reads with zero (ATM 1, MinR = 100),
resulted in a 3.8× reduction in reads, compared to 1.3× for 18S and COI
(compare Supplementary Fig. S1, A with E and I).

Collating the single most abundant ASV across all samples (ATM4), re-
sulted in 9 and 12 ASVs, for 16S and 18Smarkers respectively, highlighting
that the highest-read ASVs were ubiquitous in these markers (Supplemen-
tary Fig. S2, D, H) contrasting with COI where (at MinS = 1) >50 ASVs
were retained (Supplementary Fig. S2, L).

The sparsity (% zeros) in the unfiltered data (MinR = MinS = 1 for
ATM1-3) was high (>95 %) for all three markers (Fig. 2, right hand most
open circle on MinS = 1, for all panels represents the unfiltered data) but
decreased across all three markers with increasing MinR/S stringency for
ATM2 – 4. Where zero replacement occurred (ATM1), sparsity decreased
with increasing MinS (Fig. 2, A, E, I). For 16S, ATM 2-4, sparsity was
inversely related to number of ASVs retained but this occurred largely
irrespective of MinS (overlap of MinS on Fig. 2, B – D). For 18S and COI,
sparsity was most effectively reduced by increasing MinS, for example,
for 18S, ATM3, retaining 100 ASVs via setting MinS = 40 resulted in
30 % zeros contrasting with 60 % zeros where MinS = 1 was used
(Fig. 2, G).

3.3. Pairwise comparisons between replicates

Sampling over a steep impact/locational gradientwas, in terms of ASVs,
demonstrated by the reduction in total ASVs per pair compared with Total
ASVs per marker; for example at a MinR= 10 the total number of ASVs for
ATM2 (PerASV) was∼10,000,∼3000 and∼10,000 for 16S, 18S and COI
respectively (Supplementary Fig. S2, B, F, J) and this declined in pairwise
comparisons tomeans of∼2000, 600, 800 (Supplementary Fig. S3, B, F, J).

Patterns (but not magnitudes) across the entire data set (Supplementary
Fig. S1 and Fig. S2) were reflected in the pairwise Replicate comparisons;
ASV richness was greatest for 16S then COI then 18S (e.g. Supplementary
Fig. S3, A, E, IMinR/S=1).WhenMinR=1, doubling theMinS threshold,
for 16S and 18S, resulted in a reduction in ASVs by 1.25 x (20 %) but
this (pairwise) reduction was 70 % for COI (Supplementary Fig. S3, A, E,
I for 16S, 18S and COI respectively). For COI, this pairwise reduction
(70 %), which was larger than that occurring in the complete data (40 %,
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see above) shows that replicate pairs of COI samples were characterised
by ASVs that were, relatively, particular to that pair (but see following
caveats).

ATM1 - 3, combined with MinR and MinS, reduced the ASV richness in
all replicates provided MinS<MinR (e.g., Supplementary Fig. S3, J, mostly
easily seen where MinS = 40). This is theoretical requirement of ATM 2
(whereMinRmust at least equalMinS), but for ATM 3 and ATM 4 the over-
lap between ASV richness, with differing MinS and with increasing MinR
stringency (e.g. Supplementary Fig. S3, C–D, G–H) showed that increasing
MinR retains ASVs across multiple (up to 40) samples i.e. that high-read
ASVs were more ubiquitous.

The patterns between retained ASVs v. associated read count (average
reads per ASV)were relatively consistent withinmarker (Fig. S4) across dif-
fering ATMs. For example, for 16S, (Fig. S4, B–D), where 100 ASVs were
retained, the average number of reads (per pair of ASVs) was consistently
∼160 (2.5 and 1.6 x lower than 18S and COI respectively); 16S data (in
pairs) were characterised by large numbers of rare ASVs compared with
the other markers. For 16S and 18S markers, there was virtually no effect
of MinS on the average reads per ASV (Fig. S4, D, and E–H respectively)
whereas, for COI, increasing MinS resulted in consistent reductions
in reads available; for the paired data (as for the entire data) COI was
characterised by non-ubiquitous, high-read ASVs.

In the unfiltered 16S data (MinR = MinS = 1), 70 % of reads were
shared between replicates and this increased with increasing MinR/S strin-
gency peaking at 85 % - 90 % shared, similar trends were observed in the
shared ASVs (Figs. 3 and 4, A- D respectively). Increasing MinR stringency
had little effect on shared reads in the 18S/COI data, though it increased the
shared ASVs, from both, from 35 to 80 % and 20 to 60 % respectively
(Figs. 3 and 4, E – H and I – L respectively). For COI, increasing MinS
resulted in a consistent (across MinR) increase in both shared reads and
ASVs (Figs. 3 and 4, I – L).

The mean correlation between sample pairs was, in order (high to low)
16S, 18S and COI (mean maximum correlations of 0.95, 0.85, 0.65 respec-
tively, Fig. 5). For all markers, and ATMs, there was generally a negative
association between numbers of ASVs retained and corelation between
those ASVs, but only at >100 ASVs (>300 for 16S; Fig. 5). For 16S, for
ATM2–4, we found negligible effects of MinS on the correlations (overlap
between MinS; Fig. 5, B – D), MinS had more of an effect on 18S (e.g.
correlations ranged between 0.6 and 0.8, Fig. 5, G) but had a major effect
on COI (correlations ranged between 0.2 and 0.6, Fig. 5, K). The COI
pairwise correlations, for MinS = 1, were weak and even with large sam-
ples sizes (>100) were frequently ‘insignificant’ (P > 0.05) (Fig. 5, I – L,
see location of MinS = 1 in relation to probability curves).

3.4. Grab-Distance replicates v extract replicates

The similarity between ASV read-count, between grab-Distance repli-
cates and extract replicates varied widely between Marker, ATMs and
MinS (Fig. 6). For 16S, there were virtually no differences between grab-
Distance and extract replicates, nor any effect of MinS, except when
applying ATM 1 (compare MinS = 1 and MinS = 40; Fig. 6, A) where
grab-Distance replicate pairs differed more compared to extract pairs
(Fig. 6, contrast A versus B - D). For 16S, differences between pairs were
weakly positively correlated with the number of ASVs (for ATM 2–4) but,
typically, the read-count difference, between ASVs, within grab-Distance
replicate and extract pairs, was by a factor of two (retaining 100 ASVs;
Fig. 6, B – D). The 18S patterns were like the 16S, but the magnitude was
typically greater (ASVs differed between grab-Distance and extract repli-
cates by a factor of approximately six), the differences were not related to
the number of ASVs retained and therewas only amarginally greater differ-
ence between grab-Distance replicates compared with extract replicates
(Fig. 6, F – H). For COI, the differences between Replicate pairs (blue and
dark-green lines, Fig. 6, I – J) were larger than differences between Extracts
(magenta and red lines on the samefigure). Typically, for COI, across ATMs
2–4 and retaining 100 ASVs, there was an approximate 10-fold difference
between ASVs reads within any pairing (Fig. 6, J – L) but differences



Fig. 2. ASVs (%) with zero reads (sparsity), versus mean number of ASVs retained by ATM,MinR andMinS (see Key). Note: values of MinR, in ATM1-3, from right to left on
each line, shown as open circles, extend from 1 to the maximum (seeMethods) for that ATMmethod. For ATM4, the number of top taxa retained extend from left to right on
the same basis.
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between replicates and extracts could be reduced by increasing MinS to 40.
Unlike 16S and 18S, for COI, differences between ASVs increased with
decreasing numbers of ASVs retained (Fig. 6, I – L, predominantly negative
slopes). For COI, more ubiquitous ASVs were more similar (between repli-
cates and extracts) but ASVs with greater overall reads differed more
between replicates than extracts.
6

3.5. Non-parametric ANOVA

Multivariate analysis (Model 1, see Methods) applied to the data gener-
ated by ATMs and MinR/MinS, including factors Location, grab-Distance,
and their interaction, accounted for between 55 and 95 % of the variability
in the data. Overall, themodel performance (i.e., % explained by factors), in



Fig. 3.Mean % shared reads versus mean number of ASVs retained by ATM, MinR and MinS (see Key), per pair (N = 217–300).
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order, was 16S > 18S > COI (Supplementary Fig. S5). For 16S and 18S,
MinS only marginally affected model performance (see overlap between
MinS = 1 to 40, Fig. S5, A-D, F\\H) with minor MinS effects for 18S,
ATM1 (Supplementary Fig. S5, E). This contrasted with COI, where the
models' performances were clearly influenced by MinS (higher MinS =
better model performance, e.g., Supplementary Fig. S5, L, improvement
by 10 % between MinS = 1 and 40 at 100 ASVs). For 16S and 18S,
model performance was not substantially influenced by ATM; all ATM,
7

MinR/S settings, resulting in the same number of ASVs resulted in similar
model performance (>90 and > 80 % variance explained between
∼10–1000 ASVs, 16S and 18S respectively; Supplementary Fig. S5, A –
D, F- H). For COI, ATM did influence model performance, at least at low
MinS, with ATM2 being the better model overall (compare Supplementary
Fig. S5, J with I, K, L).

Grab-Distance was the most important explanatory factor across all
Markers (e.g for MinS = 1 and 20, Supplementary Fig. S6) but this effect



Fig. 4.Mean % ASVs shared between pairs versus mean number of ASVs retained by ATM, MinR and MinS (see Key), per pair (N = 217–300). Graph code XX1a.
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was greater for 16S compared with the other Markers (e.g. 70 % v 40 %,
Supplementary Fig. S6, C, G, K, MinS = 20 at 100 ASVs). For 16S and
18S, the grab-Distance effect reduced with increasing numbers of ASVs
retained whilst the Location effect, which was higher for 18S compared
with 16S, remained relatively constant (Supplementary Fig. S6, A – D, F –
H). The grab-Distance contribution was lowest for COI but was relatively
consistent across differing numbers of ASVs retained (Supplementary
Fig. S6, I – J).
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For most of the ATM/MinR/S combinations, the multivariate (beta) dis-
persions were ‘significant’ (p < 0.050) for COI, regardless of the numbers of
ASVs retained (Supplementary Fig. S7, I – L). The significance of disper-
sions for 18S was more complex; for a given number of ASVs retained,
high MinS generally resulted in higher (less ‘significant’) beta-dispersion
probabilities, as were ATMs 1 and 4, Supplementary Fig. S7, E and H).
The significance pattern for 16S was relatively clear; intermediate numbers
of ASVs retained (300−10,000) were generally ‘insignificantly’ dispersed,



Fig. 5. Mean Spearman correlation between sample pairs, per ATM versus mean number of ASVs retained by ATM, MinR and MinS (see Key), per pair (N = 217–300)
Probabilities of observing the Spearman correlations, given that there was no correlation, of 0.05 and 0.0001 are shown by dashed and dotted lines respectively (from
30–1000 ASVs).
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for ATMs 2 and 3, Supplementary Fig. S7, B, C) whilst ATMs 1 and, partic-
ularly, 4 were not associated with significant dispersion, accept when
MinS = 1 (ATM1) and where numbers of ASVs retained exceeded 10,000
(ATM4) (Supplementary Fig. S7, A and D respectively).

The Extract effects (Model 2),when considered separately for Locations,
were generally low (1–2 %) and positively associated with increasing
9

ASVs retained and patterns in Extract main effects were similar between
ATMs (Supplementary Fig. S8). The Ch Extract effect (Ch extracts were
split across runs, see Methods) was greater in the 18S and, particularly,
16S Markers (Supplementary Fig. S8, E- H and A – D, respectively)
where it increased more rapidly with increasing ASVs compared with
the other Markers. For 16S, the Extract effect (Ch only) was ‘significant’



Fig. 6.Mean log10 difference between ASVs in each replicate and Extract pair (Yes or No, see Key), for MinS= 1 and 40 (see Key) versus mean number of ASVs retained by
ATM, MinR and MinS, per pair (N = 54–300).
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(P < 0.05) where >150 ASVs were retained, across all ATMs (Supple-
mentary Fig. S9, A- D).

4. Discussion

Our research supports the continued development of eDNA-based ap-
proaches for monitoring environmental change (Pawlowski et al., 2018).
10
The unannotated ASV-based analyses presented here enabled a direct com-
parison of three different markers that were not obstructed/confounded by
annotation and database issues. We showed all threemarkers could be used
to differentiate samples taken across the same impact gradient, despite the
data characteristics varying widely between them. In order, the signal-to-
noise (S:N) ratio was largest in 16S > 18S > COI data so, for this gradient,
we conclude that 16S was the optimal marker overall. We also showed
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that the S:N ratio was enhanced by relatively extreme filtering manifest as
removal of less common ASVs, as implemented by four distinct ATMs.
Regardless of marker and, largely, ATMs, themodels exhibiting the greatest
S:N ratios were generally based on fewer than 100 ASVs.

There are many choices facing the analyst in preparing and interpreting
NGS data (Zinger et al., 2019; Taberlet et al., 2018; Deiner et al., 2017;
Creer et al., 2016); the optimal approach will differ markedly depending
on the study objectives. Our focus was not around the challenges of
minimising false positives (Deiner et al., 2017; Creer et al., 2016) and,
consequently, circumvents concerns around rarefaction (McMurdie and
Holmes, 2014). Our choice to rarefy the data (Cameron et al., 2021) and
focus on ASVs retained (rather than MinR/S) enabled a direct comparison
between sources of signal (Location and grab-Distance) and noise (includ-
ing differences between grab-replicates and extracts) in our data.

Ideally, from a monitoring perspective, there would be no differences
between replicates: true replicates from the same location and any level
of technical replicate would host identical assemblages. Striving towards
this ideal necessitates data characterisation and quantification of sources
of variation. Sequencing data from the three markers were quite different
as is to be expected given that these markers target different parts of the
benthic assemblage (procaryotes and eucaryotes including metazoa): 16S
data had a long ‘tail’ of sample-specific rare reads but with numerous, mod-
erately abundant ASVs being ubiquitous across samples, 18S had many
fewer ASVs (a shorter-tail) but ASVs were relatively ubiquitous whilst the
COI data were highly variable with many high-read, sample-specific (non-
ubiquitous) ASVs and many rare, low-read ASVs. The marker-specific
difference in variability between grab replicates may reflect the ability of
the same sampling method to integrate over the spatial heterogeneity
characterising differing marker-specific target organisms (Hestetun et al.,
2021). For example, the 16S marker targets procaryotes and these are
more likely to be comprehensively included in our sampling approach
compared with COI targets, which include macro- and megabenthic
eDNA andwhere spatial differences (patchiness within grab)may be occur-
ring (Hestetun et al., 2021). Our results concur with those of Hestetun et al.
(2021) who also showed that extract replicates were more similar
than within and between grab replicates (18S and COI only, based on
operational-taxonomic units (OTUs)). The very low Extract-effect we ob-
served, for 16S and 18S markers, indicates that including extract replicates
may not be themost cost-effective strategy inmonitoring (whenusing these
markers). We showed that between grab-replicate variability was very low
and that fewer than five replicates (per grab) may, at least in the system
sampled here, be adequate when using the 16S marker.

The dominance of NGS data by rare-reads is to be expected and, when
annotated, these rare reads generate taxonomic inventories that are like-
wise rare-dominated (Pedrós-Alió, 2012; Sogin et al., 2006; Bowen et al.,
2012). As our filtering stringency increased, rare reads were sequentially
removed and the similarity between the remaining ASVs, per replicate
pair, increased in our 16S and 18S data (though this was marginal where
>100 ASVs were retained). This effect was largest for 16S, because of the
frequency of rare reads in 16S data, and mirrored the results of Wen et al.
(2017); we both found ca 40 % of sequences were shared between repli-
cates though Wen's OTU-based approach delivered a greater proportion
of shared reads (85 % v our 70 %, 16S only). Our data showed that inter-
replicate similarity (shared reads and ASVs) was greater for 16S compared
with 18S and COI and, for COI, wasmost effectively increased by increasing
MinS. Wen et al. (2017) showed 1–2 % increases in inter-replicate read/
OTU overlap by removing singletons (MinR=2 in our data), we replicated
this, and extended it to highly stringent filtration and showed that (for
ASVs) this applied across all three markers; the less abundant the ASV the
less likely it was to be shared between replicates and, if shared, the greater
the relative difference.

The COI marker is part of a protein coding gene and shows considerable
intra-specific variability adding complexity to COI-use where taxonomic as-
signment is a study requirement (Deagle et al., 2014). Intraspecific variabil-
ity may explain the large number of ASVs generated by this marker that we
found, but not the difference between replicates or extracts from the same
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replicate. Differences at this level (replicates within grab-Distance and be-
tween extracts) may be attributable to within-grab heterogeneity (e.g., the
uneven distribution of larger metazoan eDNA within samples/sub-samples
which were amplified by our COI primers) (Hestetun et al., 2021) and
stochastic extraction effects in addition to PCR stochasticity. Our data
showed that minimising these differences (in COI) is best done via applying
the Per ASV ATM and high MinS.

One source of noise is the inherent batch effects attributable to different
sequencing runs (Song et al., 2018). We estimated the run effect to contrib-
ute about ∼1 % of the total variance in the data (i.e. additional, on top of
1 % for extract effects) comparable to the value cited by Song et al.
(2018) and Leray and Knowlton (2017) and the 3 % reported by Yeh
et al. (2018). The causes of run effects are unknownbut they did not detract
meaningfully from the 16S signal and, in our data, could be moderated by
reducing the number of ASVs retained in the analysis (using any ATM).

Whateverfiltrationmethodwas applied to our data, variancewas differ-
entially partitioned to explanatory factors, and this varied according to
marker. For example, variance partitioned to Location relatively more for
COI than the other markers, whilst 16S partitioned more variance to
grab-Distance. Our data highlight that, even at the ASV-level, marker
choice should be aligned to the specifics of the monitored activity.

In biodiversity-focussed studies, recommendations on theMinR applied
to NGS data to optimise the balance between false negatives and positives,
vary by marker and ATM (including how/if the data are rarefied); Drake
recommends reads comprising the lower 0.003 % and 0.0008 % of the
total number of reads, for 16S and COI respectively should be removed
whilst Bokulich et al. (2013) and Leray and Knowlton (2017) recom-
mended thresholds of 0.01 % and 0.02 % respectively, per sample (all
authors suggest caveats on these recommendations based on the study
objectives). These levels (0.0008 % - 0.02 %) equate to between 24 to a
few hundred reads, per sample, in our data (∼3 million reads per dataset,
post-rarefaction across 150 samples) which is much lower than the thresh-
old optimising the S:N ratio we observed. In biomonitoring applications,
and as suggested by Bokulich et al. (2013), we deemed that an ASV above
threshold in one sample should stay in the analysis, as a potential indicator
ASV.Whilst this is an intuitive approach, it did not, in our data, enhance S:N
ratios. Further research, on a potentially more ‘challenging’ data set (e.g.
replicate grabs rather than, as here, replicates from within the same grab)
and a greater number of sampling locations/conditions, is necessary to
further evaluate the potential of this ATM, possibly combined with differ-
ently configured MinS filters, such as only including ASVs/taxa that are
present in all replicates (biological or technical) as optionally implemented
in ‘metabaR’ (Zinger et al., 2021).

The four ATMs, particularly when combined with varying MinS, we
trialled delivered different levels of ASV reduction and commensurate
changes in S:N ratios. However, the differences between ATMs were small
(except COI, for differing MinS). Our filtering methods, with increasing
stringency, radically reduced the number of ASVs and, except for ATM1
(zero-replacement), reduced sparsity but did not eliminate zero counts.
Removal of rare ASVs, via MinR, also reduced dispersion, at least to point
where 100–1000 ASVs were retained (depending on Marker). In NGS-
biomonitoring applications there is frequently interest in identifying key
taxa, for example Pearman et al. (2021) identified nearly 11,000 key bacte-
rial taxa to classify lake trophic level. Frequently, NGS-data is combined
with machine learning for biomonitoring purposes; machines have been
taught to identify patterns in NGS data and use these patterns to predict im-
pact status (Frühe et al., 2021; Forster et al., 2019; Lejzerowicz et al., 2015).
Ensemble-based machine learning methods, such as random forests, are
‘black-box’methods (Efron, 2020) and are highly adept at making accurate
predictions following training typically on sparse NGS data and utilising
numerous ‘weak predictors’ (Efron, 2020). It is difficult/impossible to
fully understand how algorithms such as RF make their predictions (i.e.
attribution; Efron, 2020). A good starting point to looking inside the
black-box, and at least to get consistent identification of key taxa by random
forests, is to reduce the number of predictors (ASVs) available for training
and to maximise the information in those predictors. Our data filtration
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approach offers a mechanism to start to isolate key ASVs/taxa, identified as
the ATM/MinR/S transformation that minimises the NPA residual. These
ASVs, for example, the 9 top 16S ASVs that deliver near-optimal NPA
performance, deserve immediate investigation (beyond current scope) but
even combining MinR/S to reduce the number of ASVs used in RF training
(from 13 to 66 thousand post-rarefaction to 100–1000) would be a major
step forward in finding potentially robust and consistent relationships
between impact status and NGS data.

Collating NGS data across taxonomic levels is another approach to re-
ducing sparsity and is frequently utilised in biomonitoring applications
(Pearman et al., 2021) ahead of attempting to identify key-taxa. The
disadvantage of taxonomic collation, not shared in the approach suggested
here, is that it can only be possible where taxonomic annotation has been
successful (to whatever level is necessary) and collation may group taxa
with very different biological functions masking or confusing identification
of key-taxa and functional relationships.

We recommend that, for biomonitoring purposes, careful consideration
is given to marker choice in relation to the specific study objectives and
that, where appropriate, the 16S marker be used. Furthermore, we recom-
mend that an unannotated ASV-based approach be trialled, combined
with rare-read removal using any of the methods described here except
ATM1. In any unannotated ASV-based monitoring programme the degree
of ASV-reduction should be determined by the monitoring objectives
ensuring sufficient ASVs are retained to give the required sensitivity;
our data suggest that reductions to between 10 and 100 may be optimal.
We believe that this approach will enhance the signal-to-noise ratio in
ASV-based analysis and make subsequent down-stream statistical anal-
ysis, using a variety of approaches, more tractable. This ASV-reduction
approach is likely to enhance the interpretability and consistency of
the observed patterns and associations and assist in the identification
of key ASVs/taxa.

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.scitotenv.2022.159735.
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